ABSTRACT Aims/Introduction: Type 2 diabetes is a metabolic disease characterized by insulin resistance, and is associated with the effects of genetic and environmental factors. The present study aimed to not only analyze the influence of a single factor for type 2 diabetes, but also to investigate the interaction effects between risk factors. Materials and Methods: A total of 6,660 individuals selected by the method of cluster random sampling accepted a cross-sectional survey (questionnaire investigation, physical measurement, laboratory examination and liver ultrasound examination). The classification tree was used to analyze the risk factors and their interactions in type 2 diabetes. The clinical and metabolic characteristics were compared between type 2 diabetes patients and controls, and the non-conditional logistic regression model was used to quantitatively analyze the interactions. Results: A total of 338 participants were classified as type 2 diabetes (217 men and 121 women), the classification tree model showed three variables with close associations with type 2 diabetes: age, triglycerides (TG) and non-alcoholic fatty liver disease (NAFLD). Type 2 diabetes patients had higher age and incidences of high TG, NAFLD, hypertension, high body mass index, high uric acid, high total cholesterol, high low-density lipoprotein cholesterol and low high-density lipoprotein cholesterol. The multivariate logistic regression analysis showed that the following factors had interactions in type2 diabetes: high TG 9 advanced age (odds ratio 2.499, 95% confidence interval 1.868-3.344, P = 0.000), NAFLD 9 advanced age (odds ratio 1.250, 95% confidence interval 1.048-1.491, P = 0.013) and NAFLD 9 high TG (odds ratio 1.349, 95% confidence interval 1.144-1.590, P = 0.000). Conclusions: The present study showed that type 2 diabetes resulted from the interactions of many factors; the interactions among age, TG and NAFLD are important risk factors for type 2 diabetes.
INTRODUCTION
Diabetes mellitus is characterized by elevated blood glucose, and is a metabolic disease caused by insulin insufficiency and/ or dysfunction associated with the long-term effects of genetic and environmental factors 1 . With rapid socioeconomic development, rising living standards and the accelerated aging of society, the prevalence of diabetes mellitus is trending upward in both developed and developing countries 2, 3 . Consequently, diabetes mellitus has become the third most common chronic non-communicable disease after cardiovascular and cerebrovascular diseases, and cancers. According to the 2013 statistics of the International Diabetes Federation, the number of diabetic patients worldwide has reached 382 million, which is an increase of nearly 34% from 2010 (285 million) 4 , and the number is expected to reach 592 million in 2035 5 . Diabetes mellitus is classified into type 1 diabetes mellitus, type 2 diabetes mellitus, gestational diabetes mellitus and other special types of diabetes mellitus. Type 2 diabetes accounts for 90% of all cases, and is primarily associated with insulin resistance and subsequent lipid metabolism disorders 5 . Type 2 diabetes not only results in high glucose, but also affects the metabolisms of other tissues and organs, leading to a series of complications with severe consequences for the quality of life (i.e., vascular disease 6 , chronic kidney disease 7 , neuropathy and retinopathy). The 2012 International Diabetes Federation data show that diabetic patients in China spend up to 107.4 billion yuan on diabetes mellitus treatment, and the World Health Organization estimates that by 2030, diabetes mellitus will become the seventh leading cause of death worldwide 8 . As a result, type 2 diabetes places a heavy burden on families and society.
The pathogenesis of type 2 diabetes is complex and unclear 1 , certain clinical and metabolic factors are closely associated with the development and progression of type 2 diabetes, and changes in the environment or lifestyle might improve the risk of type 2 diabetes. We should be concerned not only about the influence of a single factor for type 2 diabetes, but also about whether there are interaction effects between risk factors, which are meaningful for understanding the pathogenesis and the basic care of type 2 diabetes. The classification and regression tree (CRT) analysis has been applied to study type 2 diabetes, including discriminating predictors of type 2 diabetes and risk stratification 9 , identifying central variables predicting the albuminuria in type 2 diabetes patients 10 , and so on. However, to our knowledge, this method has not been used to investigate the interactions of risk factors for type 2 diabetes, which might be a new strategy to visually display the interactions between risk factors in the form of a tree diagram. Accordingly, in the present study, we used a classification tree to investigate the risk factors and their interactions in type 2 diabetes, and a non-conditional logistic regression model to quantitatively analyze the interactions.
MATERIALS AND METHODS

Study population
The study protocol obtained approval from the ethics committee of the Affiliated Hospital of Guilin Medical University. We enrolled individuals who visited the Center of Health Examination, Affiliated Hospital of Guilin Medical University, Guilin, Guangxi, China, for routine check-ups from July to November 2012, and excluded individuals with severe cardiovascular and cerebrovascular disease, type 1 diabetes mellitus, gestational diabetes mellitus, other special types of diabetes mellitus, and liver or kidney impairment. Type 2 diabetes was defined according to the 1999 World Health Organization criteria 11 . A total of 6,660 individuals with complete data were finally included in the statistical analysis by the method of cluster random sampling, and all participants signed the informed consent form and accepted the cross-sectional survey. The data were analyzed to investigate the risk factors and their interactions in type 2 diabetes.
Measurements
Using the standard questionnaire to collect the basic information of participants, including the basic situation of respondents (name, sex, age, nationality, marital status etc.), living habits (diet, smoking history, history of alcohol intake etc.), medical histories, medications, family histories of disease and physical activity. The training qualified medical examiners measured height to the nearest 0.1 cm, and bodyweight with a calibrated balance scale to the nearest 0.1 kg. Body mass index (BMI) was calculated as bodyweight (kg)/height 2 (m 2 ). The participants rested for 5-10 min before their right brachial artery blood pressure was measured with the mercury sphygmomanometer. The blood pressure was measured twice with a 1-min interval, the average of the two measurements was used for the subsequent analysis and the numerical precision to 1 mmHg.
All participants were asked to fast overnight for at least 10 h, and two cubital venous blood samples (5 mL each) were collected the following day: one sample in a fasting state and the other sample 120 min after an oral glucose load (75 g). The blood samples were analyzed within 2 h of collection using the Roche Cobas C501 (Basel, Switzerland) automatic biochemical analyzer to determine blood biochemical indicators. An enzymatic assay was carried out to determine the uric acid (UA) concentration, a glycerol phosphate oxidase-peroxidase assay was carried out to measure triglycerides (TG), the cholesterol oxidase assay was used to measure the total cholesterol (TC), the surfactant assay was used to measure low-density lipoprotein cholesterol (LDL-C), the phosphotungstic acid-magnesium assay was used to measure high-density lipoprotein cholesterol (HDL-C), and the glucose oxidase assay was used to measure the fasting plasma glucose (FPG) and 2-h plasma glucose (2hPG) levels. Furthermore, the Mindray DC-6 Expert type II ultrasound system (Shenzhen, China) was used by trained qualified specialists to examine the liver.
Quality control
The trained staff administered a detailed questionnaire survey and recorded the responses; the sphygmomanometer and scale were centrally calibrated, the blood pressure, height and weight were centrally measured; the EpiData software, version 3.0.2 (EpiData Association, Odense, Denmark), was used to enter the data and carry out logistic testing; and the laboratory testing and quality control were carried out by the laboratory analysis center of our hospital. . Hypertension was defined as systolic blood pressure ≥140 mmHg and/or the diastolic blood pressure ≥90 mmHg, or having a history of taking antihypertensive drugs 13 . The definition of hyperuricemia in men and women was UA >420 lmol/L and UA >360 lmol/L, respectively. According to the 1999 World Health Organization criteria follows: no history of heavy drinking; no other NAFLD-inducing diseases, such as drug-induced liver disease or viral hepatitis; and liver ultrasound imaging findings suggestive of a diffuse fatty liver 14 .
Statistical analysis
All analyses were carried out with the Spss software, version 18.0 (SPSS, Chicago, IL, USA). Categorical variables were expressed as percentages and analyzed with the v 2 -test. The CRT model is a non-parametric analysis that is applied to analyze potential interactions between continuous or categorical variables. The minimum sample size was 100 for the parent nodes of the classification tree and 50 for the child nodes. CRT analysis identified optimal cut-off points for continuous discriminating variables in the sets of growth limits and significance levels of splitting nodes, and merging categories at each stage. The CRT model beginning with a root node included all cases, the best discriminating variable with the maximum v 2 -value was selected as the first layer, and then subsequent variables were selected into the model if they contributed significantly to subtyping variables as the second layer, and so on. The tree branched and grew iteratively until a termination criterion was met or no further significant improvement in the classification of study participants was possible. The CRT selected outcome variables with close associations with type 2 diabetes from all influencing factors, and visually displayed their interactions in the form of a tree diagram. The effect of the classification tree-based model was evaluated based on the overall accuracy rate of the predicted categories. Non-conditional logistic regression analysis was carried out to analyze the interactions between influencing factors. The univariate logistic regression analysis used the additive model to quantitatively analyze, and the interactions were presented as the product term in the multiple logistic regression analysis. A P-value <0.05 was considered statistically significant.
RESULTS
Analysis of the classification tree model
To analyze factors affecting the prevalence of type 2 diabetes, participants with type 2 diabetes (n = 338) were assigned a value of '1', and participants without type 2 diabetes (n = 6,322) were assigned a value of '0'. CRT was used to analyze the relevant factors affecting type 2 diabetes. In the present study, the classification tree model had three layers of nine nodes including five terminal nodes. The results showed that nine factors (age, hypertension, NAFLD, BMI, UA, TG, TC, LDL-C and HDL-C) affected type 2 diabetes. However, after the classification tree was grown and pruned based on the restriction of the minimum sample size of the root and child nodes; as seen in Figure 1 , the results showed just three variables with close associations with type 2 diabetes: age, TG and NAFLD. The three variables interacted with each other.
For the classification tree model, the estimated risk was 0.051 and the standard error was 0.003, showing that the model was capable of accurately estimating 94.9% of type 2 diabetes patients. Thus, the fitting effect was good.
Comparison of the clinical and metabolic characteristics of the two groups Based on the results from the classification tree model, type 2 diabetes was used as the dependent variable, and the independent variables with the closest relationship with type 2 diabetes were divided into categorical variables based on the cut-off points of the classification tree. The type 2 diabetes incidence was higher in participants aged >51.5 years, and thus the use of 1.775 mmol/L as the cut-off point of TG level, which was consistent with the diagnostic criteria of hypertriglyceridaemia 15 . The remaining six influencing factors were assigned a value according to professional guidelines, as shown in Table 1 .
After assigning the value of categorical variables, type 2 diabetes (value = '1') was included in the case group, including 217 men (64.2%) and 121 women (35.8%). The remaining participants (value = '0') were divided into the control group, including 3,263 men (51.6%) and 3,059 women (48.4%). We used the v 2 -test to compare the clinical and metabolic characteristics of the two groups, and significant differences in the composition ratios of sex and age were observed between the two groups, and the incidences of high TG, NAFLD, hypertension, high BMI, high UA, high TC and high LDL-C were significantly higher in participants with type 2 diabetes than in participants without type 2 diabetes, whereas the incidence of high HDL-C was significantly lower in the participants with type 2 diabetes (Table 1) .
Quantitative analysis of the interactions of risk factors for type 2 diabetes An additive model was used for univariate logistic regression to quantitatively analyze the interactions of the three variables that had close associations with type 2 diabetes. The results showed that the risk of type 2 diabetes was 22.552-fold higher in participants with advanced age and high TG than in participants without advanced age and high TG. The risk of type 2 diabetes was 7.276-fold higher in participants with NAFLD and high TG than in participants without NAFLD and high TG. The risk of type 2 diabetes was 17.909-fold higher in participants with advanced age and NAFLD than in participants without advanced age and NAFLD (Table 2 ). In addition, hypertension, high BMI, high UA, high TC, high LDL-C and low HDL-C also were influencing factors for type 2 diabetes (Table 2) . To adjust the confounding factors, the between-factor interaction presented as the product term was incorporated into the multivariate logistic regression analysis by the forward stepwise method of introduction (a in = 0.10, a out = 0.15), and the results showed that the following factors had a significant influence on type 2 diabetes: hypertension, high BMI, high TC, advanced age 9 NAFLD, advanced age 9 high TG and NAFLD 9 high TG (Table 3) . 
DISCUSSION
Identifying the factors that affect the prevalence of type 2 diabetes and interactions between these factors have important implications for elucidating the clinical and metabolic pathogenesis of type 2 diabetes, and for taking preventive measures. The decision tree model is used to quickly and accurately identify specific populations, study the correlations between populations and predict future events. The classification tree model is primarily used to analyze discrete dependent variables, whereas the regression tree is primarily used to predict continuous dependent variables 9 , and to select optimal branch thresholds by growing and pruning the tree 16 . Compared with the traditional analysis method, the classification tree model is not subject to the potential colinear effect of variables during the analysis. The classification tree model visually displays the results in the form of a tree diagram, processes the interactions between variables well 17 , analyzes specific populations affected by each variable, shows the characteristics of populations prone to disease 16 and enables interventions for high-risk populations 18 . The first layer of the classification tree was age, therefore the age was the most important factor affecting type 2 diabetes in the present study. In the Chinese population, type 2 diabetes tends to occur in individuals aged >50 years with a prevalence of approximately 9.7% 19 . Studies carried out in the USA 2 and Africa 20 have also shown that advanced age is a risk factor for type 2 diabetes, and that the prevalence of type 2 diabetes increases with age. In the present study, the cut-off age was 51.5 years. The results showed that the incidence of type 2 diabetes was significantly higher in participants aged >51.5 years (9.5%) compared with participants aged ≤51.5 years (2.1%). This result suggested that the type 2 diabetes incidence was higher in middle-aged and elderly populations, which was consistent with previous studies 19, 20 . A pancreatic metabolic disorder might occur as a result of the aging of tissues and organs in the body, resulting in elevated blood glucose levels. Hence, efforts should be made to educate middle-aged and elderly populations about diabetes mellitus to reduce the incidence of type 2 diabetes. The second layer of the classification tree was TG. The present study showed that participants with high TG (>1.775 mmol/L) had a significantly higher incidence of type 2 diabetes. Multivariate logistic regression analysis found that high TC was also a risk factor for type 2 diabetes. Both high TG and high TC are manifestations of dyslipidemia, and studies have shown that many type 2 diabetes patients have concurrent dyslipidemia 21 . Plasma glucose and lipid metabolisms are important components of energy metabolism, and these two factors are interrelated and influence each other 22 . Dyslipidemia is a link between type 2 diabetes and cardiovascular disease 23 , and increases the risk of vascular disease in type 2 diabetes patients. Therefore, dyslipidemia control and the understanding of potential influencing mechanisms might provide new strategies for the prevention and treatment of type 2 diabetes.
The third layer of the classification tree was NAFLD. NAFLD is a clinical and pathological syndrome characterized by diffuse liver parenchymal cell steatosis and TG deposits 24 . Patients with NAFLD have no history of heavy drinking or other specific causes of liver damage. The present study found that the presence of NAFLD significantly increased the incidence of type 2 diabetes for participants whose age was >51.5 years and whose TG was >1.775 mmol/L. A series of studies have shown that NAFLD is closely related to type 2 diabetes and its complications, and NAFLD-associated oxidative stress, lipid peroxidation and inflammation are key factors leading to insulin resistance 25 , dyslipidemia and subsequently diabetes mellitus 26 , metabolic syndrome 27 , and other cardiovascular diseases 28 . Furthermore, type 2 diabetes might promote the development of NAFLD. Studies have shown that a low-fat diet, lifestyle change, and more exercise can improve liver function and mitigate insulin resistance in liver, thereby The sample size of each variable is shown as number (n) and percentage (%). P-values compare clinical and metabolic characteristics between 338 participants with type 2 diabetes and 6,322 participants without type 2 diabetes, using the v 2 -test. BMI, body mass index; HDL-C, high-density lipoprotein cholesterol; LDL-C, low-density lipoprotein cholesterol; NAFLD, non-alcoholic fatty liver disease; TC, total cholesterol; TG, triglyceride; UA, uric acid. Based on the cut-off values of the classification tree and professional guidelines, we assigned the categorical variables, and counted the sample size of each variable to compare the clinical and metabolic characteristics of the two groups. The results showed that type 2 diabetes patients had higher age and incidences of high TG, NAFLD, hypertension, high BMI, high UA, high TC, high LDL-C, and low HDL-C, showing that patients with type 2 diabetes might easily suffer from metabolic disorders, such as hypertension, overweight, hyperuricemia, dyslipidemia, NAFLD and so on. Therefore, a further study by the non-conditioned logistic regression analysis on the meaningful factors was carried out.
We used the logistic regression model to quantitatively analyze the interactions to compensate for the inadequacy of the classification tree in the present study. OR (A) and OR (B) represented the odds ratio for only one variable existing, OR (AB) represented the odds ratio for the existence of both variables. The results of the univariate logistic regression model suggested that advanced age and high TG, advanced age and NAFLD, and NAFLD and high TG had positive interactions on the risk of type 2 diabetes (OR [AB] > OR [A] + OR [B] -1), which were consistent with the results of the classification tree model. Thus, advanced age, high TG and NAFLD were independent risk factors for type 2 diabetes. Furthermore, the between-factor interaction exerted a synergistic effect on the incidence of type 2 diabetes; that is, the presence of any two risk factors was associated with a higher incidence of type 2 diabetes than any factor alone. After controlling for confounding factors, the multivariate logistic regression analysis showed interactive effects between advanced age 9 high TG, advanced age 9 NAFLD and NAFLD 9 high TG on the type 2 diabetes incidence. Additionally, hypertension, high BMI and high TC also were risk factors for type 2 diabetes, suggesting that type 2 diabetes resulted from the interactions of environmental, genetic and behavioral factors. Regardless of the uncontrollable factors, such as age, type 2 diabetes could be controlled by taking comprehensive measures, such as improving lifestyle, alleviating hyperlipidemia, reducing the prevalence of NAFLD and so on.
The present study had some limitations. First, all included participants were from Guilin, China, and thus they might not represent the whole Chinese population; second, prospective studies are required to investigate the causal relationship between the influencing factors and type 2 diabetes; and third, this was an epidemiological survey, and thus the exact mechanism underlying the between-factor interaction requires further investigation.
In the present study, we conclude that type 2 diabetes results from the interactions of many factors, and the interactions among age, TG and NAFLD are important risk factors for type 2 diabetes. These findings have important implications for researchers studying the etiology of type 2 diabetes, who should take targeted preventive measures and clarify the relevant mechanisms of action in future research.
